Evo-devo is a theory proposed to study how phenotypes evolve by comparing the developmental processes of different organisms or the same organism experiencing changing environments. It has been recognized that nonallelic interactions at different genes or quantitative trait loci, known as epistasis, may play a pivotal role in the evolution of development, but it has proven difficult to quantify and elucidate this role into a coherent picture. We implement a high-dimensional genomewide association study model into the evo-devo paradigm and pack it into the R-based Evo-Devo-EpiR, aimed at facilitating the genome-wide landscaping of epistasis for the diversification of phenotypic development. By analyzing a highthroughput assay of DNA markers and their pairs simultaneously, Evo-Devo-EpiR is equipped with a capacity to systematically characterize various epistatic interactions that impact on the pattern and timing of development and its evolution. Enabling a global search for all possible genetic interactions for developmental processes throughout the whole genome, Evo-Devo-EpiR provides a computational tool to illustrate a precise genotype-phenotype map at interface between epistasis, development and evolution.
Introduction
As the raw material of evolution, genetic variation is first translated into phenotypic variation through development, followed by phenotypic diversification and speciation [1] [2] [3] . To cope with this developmental complexity of evolution, the modern synthetic theory of phenotypic evolution has incorporated the interplay between developmental components and gene actions, leading to the emergence of evolutionary developmental biology (evo-devo) as a distinct field [4, 5] . It has been widely recognized that, in each of the multiple stages of phenotypic development, many genes operate jointly, often forming a complex network of interactions between different genes and between genes and environments [6] . To better understand the genetic mechanisms of trait evolution, therefore, a detailed picture of how genes act and interact to control various stages of development must be illustrated in a quantitative way.
The advent of DNA-based genome-wide linkage maps and association studies has revolutionized quantitative genetic analysis approaches by mapping and estimating individual quantitative trait loci (QTLs) that contribute to the genetic architecture of complex traits [7] [8] [9] [10] . These studies, implemented with variable selection, provide a fuel to systematically search for all possible genetic variants at a time from a large pool of DNA markers. Xu and group presented several first models that can estimate all genetic effects on static complex traits using markers from the whole genome [11, 12] . Beyond the analysis of static phenotypes measured at single time points, a statistical method-functional mapping-can reveal the developmental change of genetic effects over time [10, [13] [14] [15] [16] . Functional mapping can estimate the dynamic changes of QTL effects during ontogenetic growth through the incorporation of universal growth laws [17, 18] and covariance structure among different time points [19] . This method has been shown not only with increasing statistical power and precision owing to a reduced number of parameters being estimated, but also with increasing biological relevance by considering biological principles underlying trait development [20] .
More recently, a general framework for genome-wide gene search of developmental traits has been developed by implementing penalized regression into functional mapping [21] . This framework model, named two-side high-dimensional genomewide association studies (2HiGWAS), enables two-side highdimensional modeling of both predictors (markers) and responses (phenotypes) in genome-wide association studies. 2HiGWAS renovates several well-developed statistical approaches for variable selection [22, 23] to map any QTLs that transform their allelic and nonallelic effects into final phenotypes and chart a path of epistasis in a phenotype-time space.
Here, we extended and implemented 2HiGWAS into the evo-devo context by simultaneously modeling the effects of genome-wide genetic actions and interactions on the evolution of development using multiple mapping populations each from a different but related taxon. The resulting model was packed into an R platform, called Evo-Devo-EpiR, for free use by quantitative geneticists and evolutionary biologists. We tested this platform by using it to analyze sex-specific genetic mapping data for mouse body mass growth, leading to the identification of epistasis that causes sex-dependent evolution of development. The results from Evo-Devo-EpiR help to address a fundamental question about the interplay between epistasis and development and its impact on evolutionary diversification.
Method

Experimental design of evolution
The experiment of evolution is an approach to studying the process of evolution across multiple generations or occurring in experimental populations in response to environmental conditions [24] . We suppose that there are m phylogenetically related taxa, each generating a mapping population. Our aim is to study the evolution of these taxa in terms of developmental process and pattern and identify the genome-wide distribution of epistasis that drives such evolution. Such taxa can be considered at any level, such as different species, different populations or different sexes, but we assume that they originated from the same ancestor, sharing syntenic genomes, i.e. genes co-localized on their chromosomes.
Suppose that an F 2 mapping population of size n has been generated for each taxon l (l ¼ 1, . . ., m). By genotyping the same high-dimensional set of p molecular markers throughout the genomes, a genetic linkage map that covers the entire genome is constructed for each taxon. We phenotype all individuals from each population for the same growth trait at a series of T time points during ontogeny. All mapping populations are assumed to have the same regular measurement schedule, i.e. the trait measured at the same series of evenly spaced time points, although our model can accommodate to populationspecific differences in measurement schedule.
Modeling time-varying genetic effects
We formulated a regression model that captures all possible QTLs and their pair-wise epistasis involved in developmental process. For the phenotypic value y il (t) of a trait at time t (t ¼ 1, . . ., T) for the mapping progeny i (i ¼ 1, . . ., n) from taxon l, this model can be expressed as
where n l is the number of progeny for taxon l; p is the number of markers; l l (t) is the overall mean at time t for taxon l, a lj (t) and b lj (t) are the additive effect and dominant effect of the jth QTL (j ¼ 1, . . ., p) at time t for taxon l, respectively, I aa ljj0 ðtÞ, I ad ljj0 ðtÞ, I da ljj0 ðtÞ and I dd ljj0 ðtÞ are the additive Â additive, additive Â dominant, dominant Â additive and dominant Â dominant epistatic effects between QTL j and j 0 (j < j 0 ¼ 1, . . ., p) at time t for taxon l, respectively, and e il (t) is the residual error at time t for taxon l, assumed to follow an N(0;) distribution. For progeny i, n ilj and f ilj are the indicators of the additive and dominant effects of the jth QTL, respectively. Time-varying overall mean l l (t) can be fitted by parametric or nonparametric approaches, depending on the nature of the trait under consideration. For growth traits, biologically meaningful growth equation can be used to model their timedependent changes. A four-parameter logistic growth equation has been commonly used to describe growth trajectory [25] . For a particular taxon l, this equation is expressed as
where a l is the asymptotic value of the trait, b l is a parameter to position the curve on the time axis, r l is the growth rate that determines the spread of the curve along the time axis, and k l is the shape parameter of the curve.
To reflect the time-dependent changes of genetic effects, a dynamic function is also needed. Unlike the genotype values, genetic effects over time may not be described by an explicit function. Thus, we introduce nonparamteric approaches, such B-spline and Legendre orthogonal polynomial (LOP), to characterize time-varying genetic effects. Based on previous work, LOP is found to be well used in quantitative genetic studies [26, 27] .
Implementation
Regression model (1) contains all possible markers as QTLs that affect the developmental process of the trait. Because the number of markers is usually large, it is impossible to estimate their main (additive and dominant) effects and interaction effects based on a given sample size. However, among all these predictors, only a few may make significant contributions to the phenotype, with many others being insignificant. With this consideration, along with the dynamic nature of the response of model (1), Jiang et al. [21] implemented variable selection to develop a procedure, named 2HiGWAS, for identifying and estimating significant predictors (additive, dominant and epistatic effects) that contribute to growth trajectories. 2HiGWAS includes two stages: prescreening and variable selection. The first stage aims to filter out those nonimportant variables by using a marginal screening approach, in which the model dimension is reduced from a total of original 2p 2 predictors (inluding p additive, p dominant and 2p(1 -p) epistatic effects) to a moderate scale d. The size of the reduced model should satisfy two condictions: (i) it is solvable under a given sample size, i.e. d < n, and (ii) it covers a complete set of important predictors as much as possible used to explain phenotypic variation. Fan and Lv [23] proposed the hard threshold, d ¼ n/log(n), as a detremination criterion of the reduced model size. The second stage intends to select the most significant predictors and estimate their effects by a penalized regression technique. We implemented and extended 2HiGWAS to map epistatic interactions for the evolution of development by including m mapping populations. This procedure was packed into a compting platform, called Evo-Devo-EpiR. The detail of such implementation was given in Supplementary Methods.
Results
Mapping population
We reanalyzed an F 2 mapping population of mice [7] to validate Evo-Devo-EpiR. The mapping contains 265 males and 270 females, measured for body mass at 10 weekly intervals starting at age 7 days. There is ample evidence for differences between males and females, especially in animals, in the forces of evolution, i.e. mutation, recombination, selection, gene flow and genetic drift [28, 29] . Thus, sex-specific differences in complex phenotypes have been thought to reflect the evolutionary consequence of the organism under natural selection [30] .
We found that there is considerable genotypic variability in body mass growth trajectory among the mouse progeny for both males ( Figure 1A ) and females ( Figure 1B) . A four-parameter growth Equation (2) was observed to well fit mean growth curves of two sexes, which will thus be used for high-dimensional modeling of interplay between epistasis and development. It can also be seen that sexes differ dramatically in the form of growth curve ( Figure 1C ). Although males and females have a similar growth at the early stage (before week 3), the former displays increasingly better growth with age during early to middle stages (week 3 to 8) because of a greater growth rate than the latter. To the end, male mice have a larger amount of adult growth than female mice. We calculated and used differences in body mass between average males and average females at each age as an indicator of sexspecific diversification over ontogenetic development.
Sex-specific genetic architecture
The overall findings by Evo-Devo-EpiR have two folds. First, among all significant effects detected, epistatic effects are much more frequent than main genetic effects (Figure 2 ). Many loci have no significant main effects, but exert significant interaction effects with other loci. Second, two sexes display different patterns of genetic architecture. A more complex web of genetic control was observed for male mice than female mice (Figure 2 ). In the male population, only two additive effects owing to QTLs D7Mit17 and D7Nds1 were identified, and the second QTL above, along with QTLs D6Mit15 and D6Nds5, acts in an additive manner in the female population. Thus, D7Mit17, D6Mit15 and D6Nds5 are sex-specific QTLs, whereas D7Nds1 is a sexpleiotropic QTL. There is no dominance effect identified for both sexes, suggesting that this mode of inheritance is not a driver of genetic difference in mouse body mass growth.
It can be seen that sex-specific difference in the genetic control mechanism of development is mostly owing to epistatic interactions, their number, distribution and magnitude (Figure 2 ). In males, two additive Â additive epistatic effects were found to affect growth, whereas a different additive Â additive epistasis was observed in females. Thus, all additive Â additive epistatic effects are sex-specific. In both sexes, we identified the same dominant Â dominant epistasis between loci D14Nds1 and D5Mit6, which is regarded as sex-pleiotropic epistasis, although these two loci do not display significant main effects. Pronounced differences between two sexes were observed in epistatic interactions between additive and dominant effects (Figure 2 ). Overall, although several additive and epistatic effects are shared between two sexes, a majority of effects is sex-specific, suggesting that the genetic control mechanisms for sexual diversification are multifactorial.
Evo-Devo-EpiR can quantify sex-specific control patterns of development by investigating how each effect is expressed dynamically during ontogeny (Supplementary Results). Also, it can test whether the genetic effects detected participate directly in the sex-specific diversification of development (Supplementary Results).
Model validation
Validation by a replicated experiment Biological validation of Evo-Devo-EpiR was made by reanalyzing a replicated experiment of the same F 2 population derived from the same parents, LG/J and SM/J, which includes 248 males and 254 females [8] . A linkage map of 1780 cM long was constructed. Following Cheverud et al. [7] , body mass for each F 2 progeny from the second cross was measured and corrected for covariate effects.
The same pattern of sex-dependent difference in the form of mass growth was observed in the second cross (Supplementary Results: Biological Validation). Generally speaking, results from the first cross by Evo-Devo-EpiR were supported by those from the second cross, expressed in the following aspects: (1) there were only a few additive effects detected on body mass growth, but varying between two sexes, (2) no dominant effect was detected, (3) there was pronounced discrepancy in the number, distribution and magnitudes of epistatic interactions between two sexes, with males involving more interactions than females, and (4) of different types of epistasis, interactions between additive and dominant effects appeared to be a major driver for sexual diversification. Although a major portion of markers were not shared between two cross experiments, EvoDevo-EpiR has identified the same genomic regions that harbor growth QTLs from the two experiments. For example, markers on chromosomes 6 and 7 contribute to growth trajectories by the interactions of their additive effects with dominant effects of the markers on chromosome 10.
Validation through computer simulation
Monte Carol computer simulation studies were performed to demonstrate the usefulness and utilization of Evo-Devo-EpiR. We simulated the marker and phenotypic data for two segregating populations by mimicking the first experiment composed of 265 males and 270 females measured at 10 evenly spaced time Additive main effects of QTLs (highlighted by dots), additive Â additive epistatic effects, and epistatic interactions between the additive and dominant effects were found to cause phenotypic variation for mouse growth trajectories in both sexes. No dominant Â dominant effects were detected. A colour version of this figure is available at BIB online: https://academic.oup.com/bib.
points. In total, we detected 33 additive, dominant, and additive Â additive, additive Â dominant, dominant Â additive and dominant Â dominant epistatic effects distributed over 19 mouse chromosomes. The phenotypic value of each simulated individual over 10 time points was expressed as the summation of the overall growth (obeying growth Equation (2)), 33 genetic effects (plugged in via Legendre polynomials according to Equation (1)) and time-dependent residual errors (assuming the AR(1) process). The marker data were linked with phenotypic data through marker locations of the 33 genetic effects. A detailed procedure of simulation was coded in the Evo-Devo-EpiR platform. For a particular simulation run, the broad heritabilities of simulated phenotypes at 10 time points were estimated, shown in order as 7. We repeated the above simulation procedure 200 times. On average, of the 33 genetic effects that were assumed to exist, 27 (84%) were detected by Evo-Devo-EpiR, under the given sample sizes of two populations (265 and 270) and the above heritability levels (Supplementary Results: Statistical Validation). There are six genetic effects that exist but have not been detected, accounting for 16% of all existing effects. In addition, Evo-DevoEpiR identified three effects that do not exist, with the falsepositive rate of about 10% estimated from 200 simulation replicates. A similar result was observed when simulation studies were performed by mimicking the second mapping experiment [8] . These suggest that Evo-Devo-EpiR can be reasonably used in the practical analysis of epistatic control.
Discussion
Jiang et al. [21] developed a variable selection model 2HiGWAS that integrates an ultrahigh-dimensional set of predictors (including main effects of genes and their interaction effects) into a time-varying regression framework of dynamic phenotypes. We extend 2HiGWAS to study the genetic architecture of developmental processes that underlies and guides evolution. Previous studies have evidenced the primary role of epistasis in the evolution of species at the molecular and phenotype levels [30] [31] [32] , thus the characterization of epistasis involved in the evolution of development should shed more light on the genetic and developmental mechanisms of evolution, ultimately enriching the theory of evo-devo [1] [2] [3] [4] [5] . By analyzing a real data of genetic mapping, the resulting Evo-Devo-EpiR platform was shown to be practically useful in terms of its power to detect genetic variants that control developmental processes and their evolutionary changes.
It is interesting to note that Evo-Devo-EpiR obtains several new discoveries from the published mouse mapping population [7] . First, epistatic effects owing to genetic interactions of different loci are widespread in the genetic architecture of the developmental pattern of body mass in the mouse, found to be much more frequent than main genetic effects. Even those loci that display no main effects may interact significantly with other loci to govern trait development. These findings appear to differ from those reported in some other genetic studies of wing shape in Drosophila [33] and oil content in maize [34] in which main effects were observed to be prevalent but with negligible epistasis. We explain this difference to result from two reasons. First, our epistatic detection concerns with developmental processes of complex traits, rather than the static variation of traits as focused in these previous studies. Many authors have argued that developmental dynamics subsumes the nonlinear coordination of multifactorial mechanisms that are mediated by a complex set of genetic interactions [2, 35] . Second, unlike the previous studies that could only detect marginal interactions by considering one pair of loci at a time, Evo-Devo-EpiR analyzes all possible loci and their pair-wise interactions simultaneously to obtain a global search for significant genetic effects. One noted merit of Evo-Devo-EpiR is that it can estimate the net genetic effect of each underlying factor rather than its marginal effect that may include the contamination of other factors constituting jointly the genetic architecture of complex traits [36] . Despite these explanations, our results from this real data analysis should be interpreted with caution, as they were derived from a single mapping population initiated with two contrasting parents. More convinced results should be from comparative mapping of multiple evolutionary divergent taxa [37, 38] .
The utility of Evo-Devo-EpiR in evolutionary genetic studies can be best appreciated by the characterization of the genetic architecture underlying sexual differentiation in growth form. The evolutionary maintenance of sexual diversification has long been thought to include a genetic basis [28, 39, 40] , but a picture of its genetic control has not been drawn clearly. EvoDevo-EpiR provides comprehensive insight into the genetic base of sex-specific developmental pattern in the mouse. It was found that the genetic architecture of growth has diversified between two sexes in this organism, with more epistatic interactions detected in males than in females (Figure 2 ). These drivers for sex-specific difference have been further detected to exhibit different temporal patterns of their expression during ontogeny (Supplementary Figures S1-S4) . Perry et al. [40] argued that much of the basis for sexual dimorphism must result from differences in expression of the same genes, given the majority of the genome shared between two sexes. Results about genetic variation in the mouse by Evo-Devo-EpiR have offered an additional explanation; that is, sexual differentiation may stem from different patterns of epistatic interactions between the same pairs of genes over the genome. This argument was well validated by analyzing a different experiment of the same mouse cross combination.
Evo-Devo-EpiR provides a computing platform for inferring and charting the global picture of the genetic architecture of evo-devo. It is particularly equipped with a capacity to identify epistatic interactions throughout the entire genome. Given a recent upsurge of interest in the genetic study of biological processes, this platform will find its potential use for unraveling the genetic etiology of quantitative variation in a dynamic trait. By incorporating Evo-Devo-EpiR into agricultural programs, more opportunities can be made available for breeders to select superior cultivars based on their developmental form. Likewise, physicians in the area of biomedical research can use the knowledge from this platform to improve the health outcome of patients.
The application of Evo-Devo-EpiR to a published mapping study can not only demonstrate the model's usefulness in practice, but also stimulate the reuse of existing mapping data by detecting evolution-related QTLs. Although our analysis was based on evenly spaced time points, Evo-Devo-EpiR can be used in any complex measure schedules. This issue has been resolved by functional mapping, the oldest version of Evo-DevoEpiR. Functional mapping can handle the following complexities: (1) the number and interval of time points vary among individuals, (2) time points are highly uneven-spaced and (3) the data measured are sparse and missing over a time space. Hou et al. [41, 42] explored the utility of functional mapping in such individual-dependent, irregular and sparse measure schedules.
There are several ways in which we can modify this platform to make it a more realistic one. Our derivation here was based on the interaction between two QTLs, but it is likely that the two-QTL interaction model is too simple to characterize genetic variants for quantitative variation [43, 44] . It would be important to include high-order interactions among multiple QTLs which are associated with the phenotypic variation. A high-order QTL epistatic model will have potential implications for understanding the origin and evolution of development and the contributions of epistatic effects to evolutionary changes [45] . We have developed a package of R codes for Evo-Devo-EpiR, which has been uploaded at http://ccb.bjfu.edu.cn/program.html.
Key Points
• The integration of developmental biology into evolutionary theory, i.e. evo-devo, has emerged as a vital area of research in modern biology.
• Genetic interactions between nonalleles at different loci, coined as epistasis, have been thought to be an important driver for the evolution of development.
• Although some of the genetic association studies have incorporated the role of epistasis in trait control, there has been no computing platform yet that allows geneticists with little statistical training to identify and estimate epistasis.
• We extend and pack a high-dimensional genome-wide association study model into an R package, called EvoDevo-EpiR, for the use of quantitative and evolutionary geneticists.
Supplementary Data
Supplementary data are available online at http://bib.oxford journals.org/.
